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ABSTRACT

Motivation: The accurate prediction of a protein’s secondary struc-
ture plays an increasingly critical role in predicting its function and
tertiary structure, as it is utilized by many of the current state-of-
the-art methods for remote homology, fold recognition, and ab initio
structure prediction.

Methods: We developed a new secondary structure prediction algo-
rithm called YASSPP that uses a pair of cascaded models construc-
ted from two sets of binary SVM-based models. YASSPP uses an
input coding scheme that combines both position-specific and non-
position specific information, utilizes a kernel function designed to
capture the sequence conservation signals around the local window
of each residue, and constructs a second-level model by incorpora-
ting both the three-state predictions produced by the first-level model
and information about the original sequence.

Results: Experiments on three standard datasets (RS126, PB513,
and EVA common subset 4) show that YASSPP is capable of produ-
cing the highest @3 and SOV scores than that achieved by existing
widely used schemes such as PSIPRED, SSPro 4.0, SAM-T99sec, as
well as previously developed SVM-based schemes. On the EVA data-
set it achieves a Q3 and SOV score of 79.34% and 78.65%, which
are considerably higher than the best reported scores of 77.64% and
76.05%, respectively.

Availability: The YASSPP prediction server
http://bioinfo.cs.umn.edu/yasspp.

Contact: karypis@cs.umn.edu.

is available at

1 INTRODUCTION

Breakthroughsn large-scalesequencindgpave led to a suilge in the
availableproteinsequencenformationthathasfar out-strippecbur
ability to experimentally characterizeheir functionsand tertiary
structuresAs aresult,researcherareincreasinglyrelying on com-
putationaltechniquedo classify thesesequence@to functional
andstructuralfamiliesandto predicttheir threedimensionaktruc-
ture. Algorithms for proteinsecondargtructurepredictionplay an
essentiafole in mary of thesetechnique$16]. Thiswasevidentin
the mostrecentCASP6competition,in which predictedsecondary
structureinformation was an integral partof the bestperforming
schemedor the comparatie modeling, fold-recognition,and nev
fold predictiontasks.

A large numberof secondarystructure prediction algorithms
have been deeloped,andover the years their predictionaccurag
hasbeencontinuouslyimproved. Mary algorithmscan nowadays
achiere a sustainedthree-stateprediction accurayg in the range
of 77%-78%, and combinationsof them can sometimesfurther

improve theaccurag by oneto two percentagpoints. Thesémpro-
vementshave beenwell-documented26], andare attributedto an
ever-expandingsetof experimentallydeterminedertiary structures,
the useof evolutionaryinformation,andto algorithmicadwances.

The secondangtructurepredictionapproaches usetoday can
be broadly cateyorizedinto three groups:neighborbased model-
based, and meta-predictobased. The neighborbasedapproa-
ches[27, 5, 11] predictthe secondarystructureby identifying a
setof similar sequence-fragmé&swith known secondargtructure;
the model-basedpproachef24, 10, 21, 19, employsophistica-
tedmachindearningtechniqueso learna predictve modeltrained
onsequencesf known structurewhereashe meta-predictebased
approachept, 18] predictthe structureby combiningthe predicti-
onsproducedy differentneighborand/ormodel-basetechniques.
Thenearreal-timeevaluationof mary of thesemethodsgperformed
by the EVA sener [23] shaws that the model-basedpproaches
tendto producestatistically betterresultsthanthe neighborbased
schemeswhich is furtherimproved by someof the morerecently
developedmeta-predictebasedapproachefl 8].

Historically, themostsuccessfuinodel-basedpproachesuchas
PHD [24], PSIPRED[10], and SSPro[19], were basedon neural
network (NN) learningtechniques.However, in recentyears, a
numberof researchersave alsodevelopedsecondargtructurepre-
diction algorithmsbasedon supportvector machinegSVM) [30].
Eventhoughtheinitial performancef theseschemesvasnotcom-
petitive with thatachieved by thebestNN-basedschemef8], recent
adwanceshave lead to the developmentof algorithms[14, 31, €]
whoseperformancéas comparableand sometimesetterthanthat
achievzed by NN-basedschemes.

In this paperwe presenta secondanstructurepredictionalgo-
rithm called YASSPPthat furtherimproves the performancechie-
ved by SVM-basedmethods.YASSPPemploysthe commonfra-
mework for secondanstructurepredictionthatis basedon a pair
of cascadednodels. The first-level model, often referredto as
sequence-to-structure model, computesa three-statgredictionfor
each position by taking into accountthe sequencenformation
aroundthat position, whereaghe second-leel model, often refer
redto asstructure-to-structuremodel,computeshefinal secondary
structureassignmenby taking into accountthe predictionscom-
puted by the first model. Each of thesemodelsis constructed
usingthreesetsof binary SVM classifieremployinga one-vs-rest
learningapproach.

YASSPPimproves predictionperformancehroughthe incorpo-
ration of a numberof new ideas. It usesan exponentialkernel
function derived by combininga normalizedsecondorder kernel
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in which the contribution of eachpositionis inverselyproportional
to its distancefrom the centralresidue.lt constructshe second-
level modelby incorporatingooththe predictedsecondargtructure
aswell asinformationfrom theoriginalinput sequencghus,using
whatcanbeconsidere@sa sequence+ structure-to-structuremodel.
It usesa codingscheméor the input sequenc¢hatin additionto
position specificinformation obtainedusing PSI-BLAST [1], also
incorporatesnon-positionspecificinformation obtainedusing the
BLOSUM®62(7] scoringmatrix. Finally, YASSPPusesalossfunc-
tion thatassigngifferentmisclassificatiortoststo eachsecondary
structurestatebasedon its relative sizein the training set, which
accountdor theunbalancedlass-sizalistribution.

Experimentson the widely usedRS126and PB513benchmark
dataset@indon a datasebbtainedfrom the EVA sener (common
subset#4) shov that YASSPPIs consistentlymore accuratethan
existing state-of-the-artSVM- and NN-basedsecondarstructure
predictionalgorithms.On PB513YASSPPachieres Q 5 and SOV
scoresof 77.78%and 74.99%, respectiely, whereason the EVA
datasetits Q3 and SOV scoresare 79.34%and 78.65%, respec-
tively. Theselatter resultsrepresenain improvementof 2.2% and
3.4%, respectiely, over thatachieved by the next bestperforming
algorithm.

2 METHODS AND ALGORITHMS
2.1 SecondaryStructur e Definition

Thesecondangtructureinformationfor eachresiduewasobtained
usingthe DSSP[12], which assignseachresidueto one of eight
structuralclassesH (a-helix), G (310-helix), | (7-helix), E (5-
strand), B (isolated 8-bridge), T (turn), S (bend), and— (other).
We useareductionschemehatcorvertsthis eight-statessignment
down to threestateshy assigningH andG to the helix state(H), E
andB to athe strandstate(E), andtherest(l, T, S, and-) to acoil
state(C). Thiseight-to-threestatereductionschemes usedby most
secondanstructurepredictionmethodg[10, 23] and allows usto
compareYASSPPs resultswith thoseproducedy otherschemes.

2.2 PSSMRepresentation& Generation

The positionspecificscorematrix of a sequenceX of lengthn is
representeddy a n x 20 matrix. The rows of this matrix corre-
spondto the variouspositionsin X andthe columnscorrespond
to the 20 distinct amino acids. The position specificscorematri-
cesusedby YASSPPwere generatedising the latest version of
the PSI-BLAST algorithm [1] (available in NCBI's blast release
2.2.10), and were derived from the multiple sequencealignment
constructedifter five iterationsusingan e valueof 10 ~2 for initial
andsubsequergequencénclusions(i.e., we usedblastpgp -j

5 -e 0.01 -h 0.01). ThePSI-BLASTwasperformedagainst
NCBI'snr databaséhatwasdownloadedn Novemberof 2004and
contained®,171,938&equences.

2.3 Algorithm

The overall structureof YASSPPIs similar to that usedby mary
existing secondarystructureprediction algorithmslike PHD and
PSIPREDIt consistof two models referredto asL1 and L2, that
areconnectedogetheiin acascadethshion.The L ; modelassigns
to eachpositiona weight for eachof the threesecondangtructure
element{C, E, H}, whichareprovidedasinputtothe L ; modelto
predicttheactualsecondargtructureclassof eachposition.The L 4

modeltreatseachpositionof thesequencasanindependentredic-
tion problem,andthe purposeof the L, modelis to determinethe
structureof a position by taking into accountthe predictedstruc-
ture of adjacentpositions. YASSPPsplits the training setequally
betweerthe L, andL, models.

Both the L1 and L. modelsconsistof threebinary SVM clas-
sifiers ({ M/ MP/" My and {M$7C MEE | MY
respectiely) trainedto predictwhetheror not a position belongs
to a particular secondarystructurestate or not (i.e., one-vs-rest
models). The output valuesof the L, modelarethe raw functio-

nal outputsof thethesebinary classifiergi.e., M /€, ME/ | and

MIH/H), whereashepredictedsecondargtateof the L . modelcor
responds$o thestatewhosecorrespondin@inaryclassifierachieves
themaximumvalue.Thatis,

Predictecstate= argmax (M3/%). (1)
ze{C,E,H}

During training, for eachposition i that belongsto one of the
threesecondargtructurestateqi.e., classespf a sequence, the
inputto theSVM is a (2w + 1)-lengthsubsequerenf X centered
at positioni. The parameterv determineghe lengthof the local
ernvironmentaroundtheith sequencpositionto beusedwhile buil-
ding the model,andits propervalueis determinedxperimentally
YASSPPusesthe samevalue of w for all binary classifiersused
by the L1 and L, models.We will referto thesesubsequeres as
wmers During secondargtructureprediction,a similar approaclis
usedto constructa wmer aroundeachposition: of a sequenceX’
with unknovn secondangtructure(we will referto suchsequence
asaquery sequence).

2.4 Input SequenceCoding

We usedtwo differentschemeso codethewmersfor the L 1 model
andtwo differentschemesor the L, model.

L,’sfirstcodingschemeepresenteachwmer x asa (2w+1) x
20 matrix P, whoserowsareobtainedlirectly from therows of the
PSSMfor eachposition. The seconctodingschemeaugmentshis
PSSM-basetkpresentatiohy addinganother(2w + 1) x 20 matrix
B,, whoserows aretherows of the BLOSUM62matrix correspon-
ding to eachposition’s aminoacid. We will referto theseasthe P
andthe P B codingschemegespectiely.

The primary motivation behindthe secondcoding schemss to
improve the classificatioraccurag (in conjunctionwith the kernel
functiondescribedater) in casesn whichthe querysequencdoes
nothave asufficiently largenumberof homologousequenceis nr,
and/orPSI-BLAST failed to computea correctalignmentfor some
sggmentof thesequenceBy augmentinghewmer codingscheme
to containboth PSSM-aswell asBLOSUM®62-basednhformation,
the SVM canlearna modelthatis alsopartially basedn the non-
position specificinformation. This information will remainvalid
even in casesn which PSI-BLAST could not or failed to generate
correctalignments.

Thetwo codingschemesor the L, modelarederived from the
correspondingodingscheme®f L by includingthe predictions
computedby L,’s threebinary classifiers.This is doneby adding
another(2w + 1) x 3 matrix S, whosecolumnsstore the raw
functionalpredictionsof the A"/, M/, and M"/* models,
respectiely. Thus,thefirst codingschemeconsistof matricesP .,
andS,, andthesecondtodingschemeonsistof matricesP ., B,
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andS,. Wewill referto theseasthe PS andthe PBS codingsche-
mes,respectiely. Note that the information capturedby thesetwo
codingschemesredifferentthanthoseusedby existing secondary
structurepredictionalgorithms,asthelatter consistonly of S, and
ignoreary informationaboutthe original sequence.

For eachcodingschemeherows of the matricesthatcorrespond
to wmer positionsextendingpastthebeginningand encdf theinput
sequencaresetto zero.

Eventhougheachcodingschemeof L ; canbe combinedwith
eitherof thetwo codingschemetfor L., in YASSPRwve investigated
only two combinationsP with PS, andP B with PB.S, whichwill
bedenotechsP + PS andPB + PBS, respectiely.

2.5 Kernel Functions

In developingYASSPRaconsiderableffort wasspenin designing
andevaluatingvariouskernelfunctionsfor useby the binary SVM
classifiersof the L1 and L, models.This effort led usto construct
kernelfunctionsthatarederived by combininganormalizedsecond-
orderkernel,in which the contritution of eachpositiondecreases
basedn haw far away it is from the centralresidue alongwith an
exponentiafunction.

Thegeneraktructureof thekernelfunctionsthatwe useds given

by
Kh(xvy) >7 (2)
Ki(z, =) K1y, y)

K(z,y) = exp <1.0 +
wherez andy aretwo wmers fC; (z, y) is given by

)%, ®)

andK5’ (z,y) is akernelfunctionthatdependsnthechoiceof the
particularinput codingscheme:s, andfor eachoneof the P, PB,
PS, andPBS codingschemess definedasfollows:

Ki(z,y) = K2 (z,y) + (K" (2

k) = :Z:_j R @
K = xfe Y ZUIRED
et
K55 (x,y) = K5 (2,y) +50 ]Z 1+|y|]’ 5:G:98(0:) - g
Pt
K525 () = K5P(zy) +5OZ 1+|;|”).(7)

Jj=—w

Thevarioustermsinvolving therows of the P, B, and.S matrices
(e.9., P=(4,:)PL(j,)) correspondo the dot-productsof the rows
correspondingo the jth positionsof thewmers(indexed from —w
to +w).

A numberof obsenationscanbe madeby analyzingthe various
kernelfunctionsinvolved in the above definitions.First, by linea-
rizing matricesP, B, andS, we canseethat 5°(z, y) is alinear
functioncorrespondingp thedot-producbf thelinearizedrepresen-
tation of x andy. Dependingon the choiceof the codingscheme,
thesedot-productsnvolve 20(2w + 1), 40(2w + 1), 23(2w + 1),
or 43(2w + 1) dimensionvectors.Secondthe contritution of each
wmer positionin iC5°(z,y) decreasebnearly with respecto its

distancefrom the centralresidue(i.e., the residuethat definesthe
classor whoseclassneeddo be predicted).This wasmotivatedby
the factthat the secondangtructurestateof a residueis in general
moredependentnthenearbysequenceositionshanthepositions
that are further away [3]. Third, the contritution of the .S matrix
in the kernelsusedfor the L, model(i.e., PS and PBS coding
schemes)s weightedhigherthanthe correspondingontributions
of the P and B matrices.Thisis doneby scalingits weightby 50.
This valuewas determinedexperimentallyby testinga numberof
scalingfactorsin the set{1, 5,25, 50, 75,100}. Note thata simi-
lar optimizationcan be performedfor assigningdifferentweights
to the contritutionsof the P and B matrices.However, we did not
perform suchan optimization. Fourth, since xC5°(z, y) is a linear
function, the K; (z, y) is a kernelcorrespondingo a second-order
polynomial. This allows the kernel function to capturepairwise
dependeniesamongthe residuesusedat variouspositionswithin
eachwmer, andwe foundthatthis leadsto betterresultsover the
linearfunction. Thisobsenationis alsosupportedy otherresearch
aswell [31]. Fifth, the exponentialstructureof K (z,y) allow usto
capturehighly non-linearrelations.

2.6 UnbalancedClasses

In the absencef well-separablelassesSVM learnsa modelthat
minimizesthe numberof exampleghatgetmisclassifiedi.e., num-
ber of errors).In casesn which thereis a large differencein the
sizesof the positive and negative classesthis minimization can
potentiallybe achieved by learninga modelthatis biasedtowards
the largest class. When the outputsof suchbinary SVM classi-
fiers are usedto build a multi-classclassifier as it is the casefor
the three-statesecondangtructureprediction problemsuchbiases
may decreaséheoverall classificatiorperformanceUnfortunately
in the context of secondanstructureprediction,dueto the higher
frequeny of the coil stateover the strandand helix states,such
unbalancedlassscenarioslo occur

One wayof overcomingthis problemis to convert theraw func-
tional outputsof thebinary SVM classifierdnto probability values.
A popularmethodusedfor achieving this is to fit the outputof the
SVM to asigmoidfunction,andusethis fit to computeprobabilities
[29]. Our experimentatiorwith this approactdid notimprove the
overall resultsandfor this reasorwe adaptedan alternatescheme
that associatesdifferent misclassificatiorcoststo the examplesof
thethreeclassesthus,trying to prevent theSVM from introducing
aclass-sizdiasin thefirst place.

The misclassificatiortostassignedo eachclassis computedas
follows. Letn{, bethe(obsered)numberf residueststatei in the
trainingset,wherei € {C, E, H}, andlet N bethetotal numberof
residesover thethreestates Theeffective numberof residues: § at
state; is definedo be

ny =nj + E (8)

3
This definition includesboth the obsered numberof residuesas
well asthe expectednumberof residuesN/3, underthe assump-
tion thatall threestatesoccurwith the sameprobability Thenthe
misclassificatiomostmc, associatewith statei is given bysolving

:Zn; = me; = Zn] 9)

JFi v

ng mc;
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This ensureshatthe overall costof the positive class(i.e., number
of instancesnultiplied by themisclassificatiorrostfor thatclass)s
equalto theoverall costof the negative class.

3 EXPERIMENTAL DESIGN
3.1 DatasetDescription

Theperformancef YASSPPwasevaluatedon threedifferentdata-
sets. Thefirst is the RS126dataset originally developedby Rost
and Sander[24], which contains126 sequencesThe secondis
the CB513 dataset,originally developedby Cuff and Borton [4],
which contains513 non-homologousequencel The third is a
datasebbtainedrom the EVA sener[23], which compares num-
ber of predictionsenersusingthe sequencedepositedn the PDB
every week. In particular we usedthe set labeled “common4”
(http://cubic.bioc.columbia.edwa/sec/setom4.html),whichcon-
tains 165 sequencesmost of which have beentestedagainsta
numberof differentsecondargtructurepredictionmethodsWe will
referto this dataseasEVAc4.

Thesethree datasetavere usedto experimentally evaluatethe
secondarystructure prediction performanceof YASSPP as fol-
lows. First, the RS126andCB513datasetsvereusedto studythe
impactof its variousinput coding schemeskernel/learningchoi-
ces,andoptimizeits parametersSecondthe EVAc4 datasetvas
usedto asses¥ASSPPs performanceon an independentlataset
andcompareat againsthatachieved by otherpopularalgorithms.

3.2 Prediction Accuracy Assessment

The predictionaccurag is assessedsing four widely usedper
formancemeasuresThesearethe three-statgerresidueaccurayg
(Qs), the sgmentoverlapmeasur€S0OV), the perstateMatthevs
correlationcoeficients (C, Cr, Cy), andthe informationindex
(Info). Thesemeasuresare amongthe most widely usedperfor
manceassessmémeasurefor secondargtructureprediction,and
becausthey arealsoreportedby theEVA senerwe canmakedirect
comparisonsvith existing schemes.

Qs is ameasur®f the overall three-stat@redictionaccurag and
is definedas the percentagef residuesvhosestructuralclassis
predictedcorrectly [24]. The SOV is a segment-leel measureof
theoverall predictionaccurag. This measurés initially introduced
in [25] andsubsequély refinedin [28]. The SOV valuesproduced
by thesewo definitionsaredifferentandcannotedirectly compa-
red.For our assessmépurposesywe usethe mostrecentdefinition
of the SOV measurgalsoreferredto as SOV99), asit allows us
to perform comparisonsvith recentschemes&ndwith the results
reportedby the EVA sener. Matthews correlationcoeficients[15]
provide a perstatemeasureof predictionperformanceand for a
particularstatei € {C, E, H} it is given by

PiTi — U;04

C; =
\/(p + 14 us)(pi + 0:)(ni +us)(ns + 05)

» (10)

wherep; isthenumberof correctlypredictedesiduesn statei, n; is
thenumberof residueghatwerecorrectlyrejectedtrue negatives),
u; is the numberof residueshat were incorrectly rejected(false
negatives), ando; is the numberof residueshat wereincorrectly
predictedto bein state: (falsepositives). Finally, the information

1 Both the RS126 and CB513 datasets can be obtained from
http://www.compbio.dundee.ad/"www-jpreddata/predes/.

index [24] is an entropy-relatedneasurethat meges the obser
ved andthe predictedstate-specifiaccurag measuregto a single
numbemwith all theseelementsontrituting equally

3.3 SVM Training & Testing

We usethepublicly availablesupportvectormachingool SVM light
[9] which implementsan efficient soft maigin optimizationalgo-
rithm. We use the default parameterdor solving the quadratic
programmingproblem, and we use a regularizationparameterof

C = 1/¢? = 0.1353, whichis thedefaultvalueusedby SvMm! 191t
andcomputedastheaverageof 1/(||z|| ?).

We usedtwo different approacheso predict thesethree data-
sets.In the caseof RS126and CB513, we followed a seven-fold
cross-alidationframework, in which eachone of the seven folds
was predictedusing a model that was built on the remainingsix
folds. This approachallowed us to directly compareour results
againsthoseobtainedby earliermethodd8, 14] thatuseda similar
seven-foldcross-alidationapproach.

In the caseof the EVAc4, we useda model that was trained
on a setof proteinsderived from SCOP1.67[17] as follows. We
usedAstral [2] to obtaina setof proteindomainswhosepairwise
sequenc@entity waslessthan25%. Thisresultedn asetof 4,993
domainsthatbelongto 3,971proteins.This setwasfurther pruned
by remaving all proteinsthat wereidentifiedto have greaterthan
a 25% identity with at leastone of the sequence® EVAc4. This
pruningstepleft 3,223proteinswhichwasusedo train YASSPP

4 RESULTS
4.1 RS126and CB513Datasets

We investigatethe impactof YASSPPs parameterdy performing
a numberof experimentsin which we (i) vary the length of the
wmer, (i) disablecertainaspect®f the kernelfunctions,(iii) eli-
minatethe class-sizesensitve misclassificatiorcosts,and(iv) use
differentinput codingschemesThekey resultsof thesestudiesare
summarizedn the subsequergections.

4.1.1 Window Length. Table4.1.1shavstheperformancechie-
ved by YASSPPfor differentlength wmersrangingfrom nine to
nineteenresidueslong (w =4-9). Theseresultsshav that the
bestperformances achieved for wmersthatare13 or 15 residues
long, which is in agreemenwith the resultsreportedin previous
studies. The resultsalsoillustrate that as the length of the win-
dow increasesheperformancef YASSPP 7" reducedasterthan
thatof YASSPR verifying theinitial motivation behindYASSPPs
distance-sensite positionweightingscheme.

412 Kernel & Learning Parameters. Table 4.1.2 shawvs the

impactto YASSPPs performanceby disabling certain elements
of its kernelfunction and by eliminating the class-sizesensitve

misclassificatiorcosts. Theseresultsshov that eachone of these
parameterdeadto animprovementin the overall predictionaccu-
ragy acrossthe two datasetsAmong them, the gainsachievzed by

usingacodingschemdor the L . modelthatincorporatesheamino
acid compositionof eachwmer arethe highestwhereaghe gains

achieved by the distance-sensite positionweightingschemesre

thelowest.

4.1.3 Input SequenceCoding. Table4.1.3shavstheeffectof the
differentinputcodingscheme® YASSPPsoverall performanceln
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Table 1. Effectof thewindow lengthontheperformancef YASSPPfor the
RS126dataset.

YASSPP YASSPP P

w Qs

76.67 70.790.54 0.62 0.70
76.94 70.970.55 0.63 0.71
77.08 71.200.55 0.62 0.71
77.08 71.270.55 0.62 0.71
76.98 71.140.55 0.63 0.71
76.89 71.010.54 0.63 0.71

SOV Cc Cr Cyp Qs SO/ Co Cp Cg

76.65 70.560.54 0.63 0.70
76.76 70.780.54 0.63 0.70
76.70 70.660.54 0.63 0.70
76.54 70.470.54 0.63 0.70
76.29 70.150.53 0.62 0.70
76.07 69.730.53 0.62 0.70

© 0o ~NO oA

The resultslabeledYASSPPare obtainedusingthe kernelfunctionsas describedn
Sectior2.5,whereashe YASSPP~P* wereobtainedy weightingeachpositionof the
wmer equallyin Equationl—7(i.e., nodistance-sensite decreasef eachpositions
contrikution). The reportedvaluescorrespondo the averageoverthe 126 sequences
obtainedusingboththe P + PS andPB + P BS inputcodingschemes.

Table 2. Effect of variouskerneland learningparametersn the perfor
manceof YASSPR

RS126Dataset
Scheme Q3 SO/  Info Co Cg Cy
YASSPP 7758 72.04 0.370 0.560 0.628 0.713
YASSPP Pw 7724 7163 0.360 0.552 0.626 0.710
YASSPP cw 77.00 70.82 0.362 0.551 0.622 0.706
YASSPP P/PB 7664 71.09 0.354 0.539 0.626 0.704
CB513Dataset
Scheme Q3 sov Info Co Cg Cy
YASSPP 77.65 7462 0.393 0.575 0.638 0.703
YASSPP Pw 77.48 7435 0.388 0.572 0.630 0.699
YASSPP cw 77.58 7454 0.390 0578 0.631 0.696
YASSPP P/PB 7707 7395 0.385 0.566 0.628 0.694

YASSPP P™ | YASSPP °*, and YASSPP ¥/ 5 are derived from YASSPPby
disablingsomeof its featuresasfollows. YASSPP~ P doesnotusedistance-sensite
position weighting; YASSPP~ ¢ does not use class-sizesensitve misclassifica-
tion costs(i.e., the misclassificationcostsfor all binary classifierswas one); and
YASSPP /P B ysesonly the S matrix whenconstructinghe binaryclassifiersfor
the Lo, modelanddoesnot use eitherthe PSSM-basedodingor the BLOSUM62-
basedcoding.For YASSPP~ P andYASSPP < thereportedvaluescorrespondo
theaverage®btainedisingboththe P 4+ P.S andP B + P BS inputcodingschemes
andw rangingfrom fourto nine.For YASSPP~ /¥ B thereportedsaluescorrespond
totheaverage®btainedusingboththe P + .S and P B + S inputcodingschemesand
w rangingfrom four to nine.

generalpy augmentinghetraditionalinput codingschemeso also
include non-positionspecificinformation, we are able to achieve
animprovementin the overall classificatiorperformanceHowever,
this improvements notuniform acrosshetwo datasetandperfor
manceassessmenteasuressthe P+ PSS codingschemechieves
betterSOV, Cc, andC'g valuesfor theRS126dataseandbetterC g
valuesfor theCB513datasebver the PB + PBS codingscheme.

4.1.4 Comparison with Other Methods. Table 4.1.4 compares
the performancechiezed by YASSPPwith thatachieved by SVM-
freq[8], SVMpsi[14], andPMSVM [6], threerecentlydeveloped
SVM-basedsecondargtructurepredictionmethods.

From theseresults we can seethat both YASSPPy, ps and
YASSPR-5 pprs achiee betterresultsthanary of the otherthree

Table 3. Effectof thefeaturespaceontheperformancef YASSPP

RS126Dataset
Scheme Qs SO/ Info C¢ Cg Cy
YASSPR-, ps 77.03 71.32 0.360 0.548 0.632 0.712
YASSPR-p.pps 76.85 70.81 0.359 0.546 0.617 0.701
CB513Dataset
Scheme Qs SO/ Info C¢ Cg Cy
YASSPR-, ps 7754 74.32 0.390 0.571 0.642 0.697
YASSPR-gpps 77.72 7498 0.395 0.578 0.633 0.707

YASSPR- p s usesthe P + PSS inputcodingandthe YASSPPp g1 p g 5 Usesthe
PB + PBS inputcoding.Thereportedvaluescorrespondo the averageobtained
overdifferentvaluesof w rangingfromfour to nine.

Table 4. Comparatie performancef YASSPPagainsbthermethods.

RS126Dataset
Scheme Qs SO/ Info C¢ Cg Cpgy
SVMfreq 7120 — — 0.510 0.520 0.620
SVMpsi 76.10 72.00 — — — —
YASSPR-, ps 77.63 7225 0.371 0.559 0.637 0.721
ErrSig 0.82 1.34 0.015 0.015 0.022 0.020
YASSPR-g,pps 77.68 72.04 0.373 0.562 0.617 0.708
ErrSig 0.84 1.34 0.015 0.015 0.023 0.021
CB513Dataset
Scheme Qs SO/ Info C¢ Cg Cy
SVMfreq 7350 — — 0.540 0.530 0.650
SVMpsi 76.60 7350 — 0.560 0.600 0.680
PMSVM 75.20 — — 0.610 0.610 0.710
YASSPR-, ps 7753 74.25 0.389 0.571 0.642 0.696
ErrSig 0.41 0.63 0.007 0.007 0.011 0.010
YASSPR-ppps 77.78 74.99 0.396 0.580 0.634 0.710
ErrSig 0.42 0.63 0.007 0.007 0.011 0.010

YASSPR- p s usesthe P + PSS inputcodingandthe YASSPPp g1 p g 5 Usesthe
PB + PBS input coding.Both schemesisewmersof length15 (w = 7). The
resultsfor SVMpsi, SVMfreq, andPMSVM wereobtainedusinga similar seven-fold
crossvalidationapproactandaredirectly comparablevith YASSPPS results.Entries
markedwith ‘—' indicateresultsthat could not be obtainedfrom the publicationsof
therespectie methods.

ErrSigis the significantdifferencemaigin for eachscore(to distinguishbetweerntwo
methods)andis definedas the standarddeviation divided by the squareroot of the
numberof proteing(c/ v/N).

schemeslin termsof @3 and SOV, theseimprovementsare also
statistically significantacrossthe different methodsand datasets.
AmongthesemethodsPMSVM is moresimilar to YASSPPr4 ps
asit usesa pair of cascadednodels,utilizes PSSMs,employsan
input codingschemdor the L1 modelthatis similar to P. Thus,
theimprovementachieved by YASSPPy. ps over PMSVM canbe
attributedto the differentkernelfunction(PMSVM usesanrbf ker-
nelfunction), the class-sizesensitve misclassificatiortost,andthe
codingusedfor the L, model.




Karypis

Table5. Performancenthe EVAc4 dataset.

Table 6. Analysisof the correctpredictionscomputedby YASSPPp pg
andYASSPR- g pps ontheEVAc4 dataset.

Scheme Qs SO/ Info Co Cg Cy P& PB P& —-PB -P& PB
PHDpsi 7452 70.69 0.346 0.529 0.685 0.665 w C E H C E H C E H
PSIPRED 77.62 76.05 0.375 0.561 0.735 0.696
SAM-T99sec 77.64 75.05 0.385 0.578 0.721 0.675 0 071 075 067 072 073 075 062 067 050
PROFsec 7654 75.39 0.378 0562 0.714 0.677 1 070 0.75 0.66 0.68 0.79 0.74 0.65 0.68 0.1
1YASSPH>+pS 7835 77.20 0.407 0589 0.746 0.708 2 069 075 066 0.67 0.78 0.76 0.67 0.68 0.51
ErrSig 0.86 1.21 0.015 0.015 0.021 0.017 3 069 075 0.67 068 076 076 0.67 0.67 0.51
1
YASSPB)B+PBS 79.34 7865 0419 0608 0747 0.722 The averageinformationper positionof differentlengthwmerscenteredat eachresi-
ErrSig 0.82 116 0.015 0.015 0.021 0.016 duethatwascorrectlypredictecby bothmethodq P & P B), correctlypredictecbnly
by YASSPR- p s (P & =P B), andcorrectlypredicteconly by YASSPPr 1 pB s
SCRATCH 75.75 7138 0.357 0.545 0.690 0.659 (~p & PB). Theresultsarepresenteasecon the secondanstructurestateof the
2YASSPB>+pS 78.39 77.69 0.406 0.586 0.750 0.711 centralresidue.Thew = 0 resultscorrespondo the wmer consistingof just the
ErrSig 0.97 1.36 0.016 0.017 0.023 0.018 positionitself. The'average@nformationfor Iongerwmerswast_:omputeday first com-
2YASSPB>B+PBS 7931 78.75 0416 0602 0751 0722 gtjetlrr;%t:se-a/eraganformatlonfor eachwmer andthenreportingthe averageof these
ErrSig 094 129 0.016 0.017 0.023 0.018
SSPro4 77.96 72.73 0.385 0.559 0.711 0.696
3YASSPR:, ps 79.21 78.60 0.418 0.590 0.749 0.723 PB513, YASSPP-5:pps performs considerably better than
ErrSig 119 167 0.021 0.023 0.030 0.022  YASSPP-;ps. Ontheentiredatasetits predictionperformances
3YASSPB>B+PBS 80.03 79.00 0.430 0.605 0.751 0.736 petterby onepercentaggoint in termsof Q 3, andbetterby 1.45
ErrSig 118 168 0022 0024 0030 0022 percentagpointsin termsof SOV. To betterunderstanthe source
SABLE?2 76.85 7355 0.376 0546 0.725 0682 Of this |mprwem§r_1t,we analyzedhe two set§of predlctlonsa}nd
AYASSPR:, ps 78.70 78.09 0417 0596 0.766 0.715 Ccomparedhe posmo_nsthat both schemespredictedcorrectlywith
ErrSig 1.00 1.42 0.018 0018 0.025 0019 thosethatwere predictedcorrectly by only one of the two sche-
4YASSPR-p.pps 79.85 79.71 0.432 0.615 0.768 0.730 mes.This comparisorwasperformedby analyzingthe amountof
ErrSig 0.97 1.39 0.018 0.019 0.025 0.019 informationthatis capturedat eachpositionof the profile, which

YASSPR- ps usesthe P + PSS inputcodingandthe YASSPPp g p g 5 usesthe
PB + PBS inputcodingandwereobtainedusingw = 7 (i.e., wmersof size15).

The ' YASSPParethe averagesover the set of sequencen commonwith PHDpsi,
PSIPRED,SAM-T99sec,andPROFsec.The 2YASSPParethe averageverthe set
of sequence®m commorwith SCRATCH. The YASSPParetheaverage®vertheset
of sequencem commonwith SSPro4The *YASSPParethe averageoverthe setof
sequenceim commorwith SABLE2.

4.2 EVAc4 Dataset

Table4.2 compareghe performanceachiered by YASSPPagainst
thatachieved by PHDpsi[21], PSIPRED[10], SAM-T99sed13],

PROFsec[22], SCRATCH [19], SSPro4[19], and SABLE2 [20].

Theseschemegepresensomeof the best performing schemes,
currentlyevaluatedby the EVA sener, andtheir resultswereobtai-

ned directly from EVA. Since EVA did not useall the methods
to predict all the sequencesf EVAc4, Table 4.2 presentsfour

different setsof resultsfor YASSPR-, ps and YASSPR-51pBs

(indicatedby the superscriptd—4), eachobtainedby averagingthe

variousperformanceassessmemethodsover thecommonsubset.
Thesecommonsubsetgontainedl65, 134 86,and115sequences
respectiely.

Theseesultsshav thatbothYASSPPr 4 ps andYASSPRy 5 pBs
achieve betterpredictionperformancehanthatachieved by any of
the otherschemescrossall the differentperformanceassessment
measuresin particular for the entire dataset,YASSPP>5pBs
achieves a Q3 scoreof 79.34%, which is 2.2% better than the
secondest-performingchemeén termsof Q 3 (SAM-T99sec)and
anSQV scoreof 78.65% whichis 3.4%betterthanthe secondest
performingschemén termsof SOV (PSIPRED).

Comparingthe two different versionsof YASSPR we can
see that unlike the results reported earlier for RS126 and

provides a quantitatve measureof eachpositions sequenceon-

senation amongthe homologoussequencessedto construct the
PSSM. For this purposewe usedthe “information per position”

measurehatis computecby PSI-BLAST itself andis storedatthe
generated®SSMfile.

Theresultsof this analysisare summarizedn Table4.2, which
shavsthe averageinformationfor positionsthatwerecorrectlypre-
dictedby bothschemespositionghatwerecorrectlypredictecnly
by YASSPPR-. ps, andpositionsthatwerecorrectlypredictedonly
by YASSPPR-5 prs. Fromtheseresultswe canseethatthe posi-
tions that are predictedcorrectly only by YASSPPr5+ pps have
considerablyessinformationthanthosepredictedcorrectlyby eit-
herYASSPR-, ps aloneor by bothschemesThisis true acrossall
threesecondargtructurestatesandit is morepronouncedor heli-
cesandfor coils. Eventhoughthereare mary reasonsvhy such
low information positionscan occurin the PSSM, one reasonis
the lack of a sufficient numberof stronghomologoussequences.
Thisis indeedthe casefor the 165sequencesf the EVAc4 dataset,
for which PSI-BLAST wasunableto find more than 20 homolo-
goussequence®r eachoneof 51 querysequencesandcouldfind
at least100 homologoussequencefor only 68 query sequences.
Thus,by augmentindheinput codingof eachwmer with the BLO-
SUMG62 informationof their residues YASSPR-5. pis is ableto
correctlypredictalargernumberof suchlow informationpositions,
andto somedegreeovercomeheinformationlossdueto insufiicient
numberof homologousequences.

5 DISCUSSION AND CONCLUSION

This paperpresentecind experimentallyevaluateda new protein
secondanstructurepredictionalgorithm YASSPPthat usesa pair
of cascade®VM-basednodelsto computea three-statgrediction
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(C, E, H). Theexperimentakvaluationusingthreestandardbench-
markdatasetshavedthatYASSPHs capablef producingsuperior
predictionperformancemeasuredoth in termsof the three-state
predictionaccurag (Q 3) andthesegmentoverlapscorgSOV), than
that achieved by existing widely usedschemesuchasPSIPRED,
SSPro,SAM-T99sec aswell aspreviously developedSVM-based
schemesuchasSVMfreq andSVMpsi.

Theseimprovementgains can be attributed to three different
factors. First, YASSPPusesa kernelfunction that is designedo
capturethe sequenceonserationsignalsaroundthe local window
of eachresidue This kernelfunctioncapturegositioninformation,
interdependencidsetweerpositions,anda distance-baseaabsition
weightingschemeall of which have beenshavn to have somecor
relation with secondarystructure[3]. Even thougheachof these
elementsave beenusedin the pastin varioussecondargtructure
predictionalgorithmsto the bestof our knowledge, YASSPRPis the
first schemeahatexplicitly couplesall of themtogether

Second,YASSPPs L, modelin additionto the three-statere-
dictions producedby the L, model also combinesinformation
aboutthe original sequences capturedby its PSSM-basedand
BLOSUM®62-based)coding. This additional information allows
SVM to explicitly capturedependeriesbetweeraminoacidcom-
position and predictedsecondarystructureof different positions.
Thesedependencieare capturedoy the secondrder (Equation3)
and the exponentialkernel (Equation2). The resultsreportedin
Table 4.1.2 shaw that by doing so, YASSPPis able to achieve
measurabl@redictionimprovements.

Third, YASSPR-5+ pps usesaninput codingschemehatcom-
binesboth position-specifiand non-positionspecificinformation
for eachsequencen doingso, it canlearnamodelthatdependsn
information beingderived from thesetwo sourcesaswell astheir
interdependencie$helatteris achiesed via YASSPPs kernelfunc-
tion. The experimentswith the EVAc4 datasetandtheir analysis
suggesthat this combinedinput codingschemecanleadto accu-
ragy gainsfor sequenceositionswith low informationperposition.
This often occurswhenthereis not a sufficiently large numberof
stronghomologousequencesoveringthis positionand/orthe pro-
file generationalgorithm failed to producecorrectalignmentsfor
them.

ACKNOWLEDGMENT

This work was supportedby NSF EIA-9986042, ACI-9982274,
ACI-0133464 ACI-03128281S-0431135 the Army High Perfor
manceComputingResearctCentercontractnumberDAAD19-01-
2-0014,andby the Digital TechnologyCenterat the University of
Minnesota.

REFERENCES

[1]S. F. Altschul, L. T. Madden,A. A. Schfer, J. Zhang,Z. Zhang,W. Miller, and
D. J. Lipman. Gappedlastandpsi-blast:a new generatiorof proteindatabase
searchprogramsNucleic Acids Research, 25(17):338-402, 1997.

[2]3.M. ChandoniaG.Hon,N. S.Walker, L. Lo Conte P. Koehl,M. Levitt, andS.E.
Brenner The astralcompendiunmin 2004. Nucleic Acids Research, 32:D189—
D192,2004.

[3]G. E. Crooks,J. Wolfe, andS. E. Brenner Measurementef proteinsequence-
structurecorrelations. PROTEINS: Structure, Function, and Genetics, 57:804—
810,2004.

[4]3. A. Cuff andG. J. Barton. Evaluationandimprovemat of multiple sequence
methodsfor protein secondarystructure prediction. PROTEINS Structure,
Function, and Genetics, 34:508-5191999.

[5]D. Frishmanand P. Argos. Seventy-five percentaccuracyin proteinsecondary
structureprediction.PROTEINS: Structure, Function, and Genetics, 27:329-335
1997.

[6]J. Guo, H. Chen,Z. Sun,andY. Lin. A novelmethodfor proteinsecondary
structurepredictionusing dual-layersvm and profiles. PROTEINS Structure,
Function, and Genetics, 54:738—7432004.

[7]S. Henikoff andJ. G. Henikof. Amino acid subsitutionmatricesfrom protein
blocks.PNAS, 89:10915109.9,1992.

[8]S.HuaandZ. Sun.A novelmethodof proteinsecondargtructurepredictionwith
high segmenbverlapmeasure Supportvectormachineapproach.J. Mal. Bial.,
308:397-07,2001.

[9]T. Joachims. Making large-scalesvm learningpractical. Advances in Kernel
Methods - Support Vector Learning, B. Schikopf and C. Burges and A. Smola
(ed.), MIT-Press, 1999, 1999.

[10]David T. Jones.Proteinsecondangtructurepredictionbasedon position-specific
scoringmatricies.J. Mol. Biol., 292:195-92,1999.

[11]K. Joo,J. Lee,S.Kim, I. Kum, J. ee,andS. Lee. Profile-basedearesnheighbor
methodor patterrrecognition.J. of the Korean Physical Society, 54(3):599-604
2004.

[12]w. Kabschand C. Sander Dictionary of protein secondarystructure: Pat-
tern recognitionof hydrogerbonded and geometricalfeatures. Biopolymers,
22:2577-B37,1983.

[13]K. Karplus, C. Barrett, and R. Hughey Hiddenmarkovmodelsfor detecting
remoteproteinhomologies Bioinformatics, 14:846—86,1998.

[14]H. Kim andH. Park. Proteinsecondargtructurgredictionbasecbnanimproved
supportvectormachineapproachProtein Engineering, 16(8):553560,2003.

[15]F. S. Matthews. The structure,function and evolution of cytochromes. Prog.
Biophys. Mal. Bial., 45:1-561975.

[16]L. J. McGuffin andD. T. Jones. Benchmarkingsecondarstructureprediction
for fold recognition PROTEINS: Sructure, Function, and Genetics, 52:166—-175
2003.

[17]A. G. Murzin, S. E. Brenner T. Hubbard andC. Chothia.Scop:a structuraklas-
sificationof proteinsdatabasédor the investigationof sequenceandstructures.
Journal of Molecular Biology, 247:536-540,1995.

[18]G. Pollastri and A. McLysaght. Porter: a new, accurateserverfor protein
secondargtructureprediction.Bioinformatics, 21:17194720,2005.

[19]G. Pollastri,D. Przybylski,B. Rost,andP. Baldi. Improvingthepredictionof pro-
teinsecondargtructuren threeandeightclassesisingrecurrenneuralnetworks
andprofiles. PROTEINS: Sructure, Function, and Genetics, 47:228—-2352002.

[20]A. Porollo, R. Adamczak, M. Wagner and J Meller. Maximum feasibility
approactfor consensuslassifiers:Applicationsto proteinstructureprediction.
In CIRAS, 2003.

[21]D. Przybylskiand B. Rost. Alignmentsgrow, secondarystructureprediction
improves.PROTEINS Structure, Function, and Genetics, 46:197-2052002.

[22]B. Rost. unpublished.

[23]B. RostandV. A. Eyrich. EVA: Large-scaleanalysisof secondarystructure
prediction. PROTEINS Structure, Function, and Genetics, Suppl.5:192-199
2001.

[24]B. RostandC. Sander Predictionof proteinsecondanstructureat betterthan
70%accuracyJ. Mol. Biol., 232:584-59,1993.

[25]B. Rost,C. SanderandR. Schneider Redefininghe goalsof proteinsecondary
structureprediction.J. Mol. Biol., 235:13-5,1994.

[26]BurkhardRost. Review: Proteinsecondargtructurepredictioncontinuego rise.
Journal of Structural Biology, 2001.

[27]A. A. SalamovandV. V. Solovyer. Proteinsecondargtructurepredictionusing
localalignments.J. Mol. Biol., 268:31-361997.

[28]A. Semla, C. Venclowas, Krzysztof Fidelis, and B. Rost. A modified defini-
tion of soy a segment-basemeasurdor proteinsecondarstructureprediction
assessmenPROTEINS Structure, Function, and Genetics, 34:220-23,1999.

[29]A. J. Smola, P. Bartlett, B. Scholkopf,andD. Shuurmansegditors. Probabili-
stic outputsfor support vector machinesand comparison of regularized likelihood
methods, chapter5, pages61-74. Advancesin Large Margin Classifiers.MIT
Press2000.

[30]V. Vapnik. Satistical Learning Theory. JohnWiley, New York, 1998.

[31]J. J.Ward, L. J. McGuffin, B. F. Buxton,andD. T. Jones. Secondanstructure
predictionwith supportvectormachinesBioinformatics, 19:1650-165, 2003.




